Due to their high strength-to-weight ratio, robustness and deformability, tensegrity structures are an appealing platform for the emerging field of soft robotics, with applications ranging from search-and-rescue to field-deployable structures. Unfortunately, these properties also make tensegrities challenging to control through conventional means. In this paper we describe a novel means of vibration-based tensegrity actuation which allows for the manual control of a physical tensegrity robot in the plane as well as state-machine based target following. We demonstrate the evolution of effective gaits using only physical evaluations of the robot, and further demonstrate how a combination of the state-machine with the hill climber allows for the hands-off automation of the evolutionary process. We conclude with a description of how this can lead to a bootstrapping effect, with the potential to significantly accelerate and automate the physical evolution of our tensegrity robot.
Introduction
The term tensegrity describes a class of structures which are held together through pre-stress -a synergistic interplay of compressive and tensile forces. In engineering and architecture, tensegrity structures ranging in scale from camping tents to large stadium roofs are commonly built out of little more than compressive struts and tensile strings.
Because of their resilience and deformability, tensegrity structures are an appealing robotics platform. A tensegrity robot can alter its shape while preserving its structural stability merely by changing the resting length of its strings. Unfortunately, this property of pre-stress also adds a significant amount of dynamical complexity to the system. Because local changes to tension are redistributed throughout the structure, the system is dynamically coupled and highly resonant (Bohm et al., 2014) This dynamical complexity presents a challenge when trying to control tensegrities through conventional means.
Interestingly enough, the principle of tensegrity also exists throughout the biological world, at scales ranging from the musculoskeletal system of animals to the arrangements of the cellular cytoskeleton. The field of morphological computation (Paul, 2006; Pfeifer and Bongard, 2007) seeks to explore how dynamical complexity can sometimes be advantageous in both biological and engineering realms, and how the intelligent behavior of systems can sometimes be hard-wired into their mechanics.
Tensegrities are therefore a compelling choice for exploring morphological computation. Broadly, our research explores the paradoxical notion that increasing a system's dynamical complexity can sometimes simplify its control. Specifically, we are interested in understanding how the dynamical coupling of tensegrity-based robots can be exploited as an advantage.
In this paper we demonstrate how the locomotion of a tensegrity robot can be controlled in the plane simply by changing the frequency of three vibrational motors. This steering behavior can then be combined with a finite state machine, allowing for autonomous target tracking. Moreover, we show how the motor frequencies can be optimized via evolutionary techniques, producing increasingly effective gaits. We believe that this is the first example of evolution on a physical tensegrity robot, and is the smallest and the fastest physical tensegrity robot in its class.
Understanding how to make dynamically complex tensegrities move will not only allow us not only to contribute to the emerging field of soft robotics, it will also add to our understanding of the biological systems which inspire us.
Tensegrity Robots
Conventionally, robotic systems are controlled by first dampening their dynamic and vibrational modes, and then controlling them in the quasi-static realm, in which analytical methods like inverse kinematics are capable of producing reliable controllers. The same is true of conventional approaches to the control of tensegrity structures. Skelton et al., for instance, have been able to demonstrate both active vibration damping (2004) and open-loop control of simple structures (2004) . Once this resonance is tamed, the robots are moved by changing the rest lengths of the tensile elements, for instance via servo motors (Paul et al., , 2005 .
Because of the challenge in building and controlling phys-ical tensegrity robots, the majority of tensegrity robot research has occurred in simulation rather than reality (Aldrich et al., 2003; Paul et al., 2006; Graells Rovira and Mirats Tur, 2009; Iscen et al., 2013 The case for physical evolution
While these simulated results are promising, the dynamics of tensegrities are complex enough that there is little hope of reliably breaching the reality gap (Jakobi et al., 1995) between simulated and actual dynamics. Not surprisingly, there are very few published examples of physically embodied tensegrity robots moving. Shibata et al. (2009) and later Koizumi et al. (2012) built six-bar robots capable of motion. In each case, the controller was discovered manually. More relevant to our work, Paul et al. (2006) evolved gaits for a 3-bar tensegrity in simulation and then transferred the controller to a physical robot with only minor success.
Most of the tensegrity robot controllers described above operate at slow speeds relative to the structural dynamics, and can therefore be considered to be quasi-static -none of them truly take advantage of the inherent resonance of tensegrity structures. A notable recent exception is Zimmermann et al. (2011) , who, like us, used vibration of a single motor as a basis for locomotion, however theirs is a modified (class-II) tensegrity, and only capable of forward motion.
The dynamics of tensegrity robots are sufficiently complex that there are no known purely analytical methods of generating gaits. As a consequence, every gait described above (with the exception of Paul's) was optimized through human trial-and-error, at the expense of considerable time and effort. This makes the domain particularly appealing for automated evolutionary approaches, which can remove human interaction (which can lead to error and bias in the search) from the discovery of effective gaits.
Acknowledging the limits of simulation and transferability however, limits us to physical rather than simulated evolution of tensegrity locomotion. This research then falls under the rubric of the Evolution of Physical Systems (sometimes called embodied evolution), following in the footsteps of Harvey et al. at Sussex (Harvey et al., 1997) , Watson et al. (Watson et al., 1999) , and more recently Zykov (2004) and Yosinksi (2011) .
Unlike simulated evolution, the evolution of physical systems can be painstakingly slow, and requires considerable human interaction. Also unlike simulated evolution, however, our evolved solutions are, by fiat, guaranteed to work in the real world. As Rodney Brooks claimed, " the world is its own best model" (1990) .
A Robot Designed to Resonate
The motivation for our work lies in striving to exploit, rather than suppress, this inherent dynamical complexity as an advantage -making tensegrities move by vibrating, rather than suppressing their vibrations. Exploring these ideas required building a physical tensegrity robot.
Our ambition was to design a small tensegrity that was powered by vibration alone, robust enough to withstand prolonged testing and easy to manufacture and repair. The resulting design, based upon a canonical six-bar tensegrity shape, is shown in Figure 1 . The geometry is defined by six equal length composite struts which are connected to each other via 24 identical helical springs, with four springs emanating from each strut end. Our prior work Khazanov et al. (2013) describes the design choices of the robot in more detail.
The robot is actuated with three independent vibrational motors capable of operating between 100 and 260 Hz. Each motor was mounted on a separate strut (leaving three of the six struts empty). Each motor is independently controlled by an off-board USB motor controller connected to a host computer. Very thin wires were used to tether the motors to the controllers, allowing for a minimal amount of interference through drag. Enough tether wire was used to enable a significant amount of twisting (caused by rotation of the tensegrity) before the need to manually unwind the tether.
The motion of the tensegrity robot could then be determined simply by independently varying the three motor frequencies. An analysis of the complexity of the ensuing dynamics can be found in our earlier work Khazanov et al. (2013) .
The sections below describe various approaches to finding motor frequency sets capable of producing interesting locomotive gaits on our designed robot.
Setup
In order to evaluate gaits, the robot was placed on a 91x61 cm table (Figure 2 ) with a removable cork-board sheet as the surface. This material was chosen in order to provide enough friction for the tensegrity to move freely, while also allowing for it to grasp the surface. Wooden borders surrounded the testing environment to guard the tensegrity from falling during trials.
As illustrated by Figure 3 , the process of distance measure was automated using an overhead USB camera connected to the control computer. The location of the tensegrity in a frame was determined by subtracting the image of an "empty" arena from an image containing the robot and then finding the centroid of the remaining pixels. The tether is visible in some frames, but has a negligible impact upon positional measurements. Distance could then be calculated by comparing the pre-and post-evaluation locations. The Figure 2 : Left: The testing arena was a 91x61 cm table with a cork-board floor and raised wooden walls. The tensegrity robot was tethered to the control computer using thin wires. Right: A closeup of the tensegrity with the colored tracking markers. The yellow ball in the distance is the object used for target pursuit. arena was large enough that multiple evaluations could often be performed before manually returning the robot to the center of the arena.
Evolution of Motion
Using this setup, we then used a series of approaches to discover effective and interesting locomotive gaits for the robot. In each approach, the behavior of the robot was determined entirely by a "genotype" or frequency set, consisting of three motor voltages corresponding to frequencies for the three vibrational motors on the robot.
Hand Selected Gaits
The first step in our process was to use an interactive process to discover interesting gaits via human trial and error. A simple python-based user interface was set up allowing an operator to vary motor voltages while observing the behavior of the robot. Three particularly interesting gaits were discovered: one which produced linear "forward" motion (the robot has no pre-defined front or back), one which rotated the robot clockwise, and one which rotated the robot counter-clockwise.
We could then manually switch between these three frequency sets in order to "steer" the robot around the arena (Khazanov et al., 2013) . A video of this behavior can be found on our web page (http://cs.union.edu/˜rieffelj/videos.html)
Target Pursuit in the 2-D plane
We then implemented a finite state machine which incorporated the three gaits described above in order to achieve fully automated target tracking.
To begin, we developed a machine vision algorithm, written in OpenCV, capable of using the overhead USB camera to detect the tensegrity's orientation on the plane. To do this we placed uniquely colored tracking markers on the three top-most strut ends. Using simple color detection, our algorithm could then detect each marker, and subsequently compute their center of mass along with the relative vector between the center and each colored marker. The lower row of images in Figure 3 illustrate this. The pink ball represents the "rear" of the robot -meaning that the vector from the robot's center of mass toward the front points in the opposite direction -as illustrated by the short line radiating from the center of mass. A yellow target marker was then placed in the arena, and a steering angle calculated as the difference between the "forward" vector (the short line in Figure 3 ) and the vector to the target (the longer line in Figure 3 ). As illustrated by Figure 4 this steering angle, along with the robot's distance to the target, was then used as input into a simple four-state finite state machine. When the target was in front of the robot (−30
• > steeringAngle < 30
• ) , the forward gait was used. When the target was to the right (30
• > steeringAngle > 180 • ), the clockwise gait was used, and when the target was to the left (−30
• < steeringAngle < −180 • ), the counterclockwise gait was used. Using machine vision code written in OpenCV, we were able to detect the location of colored markers on the tensegrity and use this information to determine the robot's absolute orientation, as well as relative angle to the target object. Right: this steering angle was then used as input into a finite state machine which switched between forward and rotational gaits.
When the machine vision algorithm, the state machine, and the hand-selected gaits were combined in this manner, it allowed for quite effective target tracking in the 2D plane. A video on our web page shows this target tracking behavior in action.
Evolving Gaits with Human Interaction
Our next step was to automate the trial-and error process used to select effective forward-moving gaits by implementing a simple population-based hill climber. The aim was to find forward moving gaits which outperformed those produced by trial and error in the section above.
The genotype, consisting of three motor frequencies, is insufficiently complex to justify more complex search techniques. (In the future we will be moving toward more evolvable representations and controllers, such as Artificial Neural Networks).
To perform the search we used a population size of 10 individuals, with 50% elitism (keeping the best half of the population between generations). In order to account for the noisiness of real-world evaluation, during successive generations all members of the population were evaluated, including those that had been carried over from prior populations.
Evaluation of a motor frequency set genotype was performed by measuring linear distance traveled by the tensegrity over the course of 7 seconds. The distance was measured using the automated machine vision algorithm described above.
This evolutionary process produced results, but was incredibly time intensive, since human effort was required to manually reset the tensegrity back to the starting position in the arena between evaluations. This inspired us to consider a more hands-off approach.
Hands-free Evolution of Gaits
Combining the target-following state machine described in an earlier section with the hill climber described in the previous section allows for the hands-free evolution of gaits. This is accomplished by using the state machine to steer the tensegrity back to the starting position after every evaluation. In effect, this was as simple as treating the starting position (always the center of the arena frame) as a virtual target for the state machine's steering vector calculation.
This hands-free evolution allowed a significant number of repeated trials without any human interference at all, and an overall reduction in total number of interactions during an evolutionary run. The following section provides a more quantitative and comparative analysis of interactions required between the two setups.
Nonetheless, the physical evolution of tensegrity robots is still time intensive (if less labor intensive). Figure 5 shows maximum fitness achieved over the course of 25 generations between two different evolutionary runs. The nonmonotonically increasing nature of the search is due to the fact that all members of the population were re-evaluated. Evaluation of tensegrity robots is an inherently noisy process because of a variety of complex interactions and sensitivities such as friction, motor phase and motor hysteresis. Our discussion below explores better ways to approach these issues.
Results and Discussion
The hands-on and hands-free approaches to evolution produced equivalent fitnesses over 25 generations, and we make no claims that one produces quantitatively better gaits than the other. Nor would one necessarily expect otherwise, since the only distinction between the two algorithms -how the robot returns to the starting location -has no bearing on fitness evaluations or the larger search technique.
In both cases, since we re-evaluated the entire population each generation, and only used the latest fitness for the purposes of selection, there is not the typical monotonic increase in fitness found in most GAs. In the near term we are interested in more sophisticated measures of dealing with noisy fitness evaluation -for instance by evaluating every genotype multiple times and keeping track of a running average. The field of noisy evaluation provides some insight on the matter (Fitzpatrick and Grefenstette, 1988) . Finding elegant solutions to this issue has bearings on the entire field of physical evolution.
Where our two approaches differ most is on the qualitative level. The hands-on approach requires, at a minimum, one human interaction every 7 seconds in order to return the robot to the start position, meaning a 25-generation run with population size 10 involves 250 such interactions. (We are reminded of anecdotes of Zykov et al's (2004) physical evolution of a massive 9kg pneumatically actuated Nonaped, which had to be moved 3m back to its starting position between trials)
In contrast to the hands-on approach, our hands-off approach at best requires 0 human interactions during a 25-generation run, because the robot is able to steer itself back to the starting position.
In practice, the number of interactions required in both approaches was higher, due to the inevitable wear-and-tear on the hardware caused by repeated trials, often manifesting itself in broken soldering at the wire connection points. A second phenomenon which required human intervention was the twisting of the tether caused by too many repeated turns in one direction. There was no significant difference in the number of repair-related interventions between the two algorithms.
Our choices of a very simple genetic encodings (three numbers) and a very simple algorithm (a hillclimber) are deliberate. Our aims have been to demonstrate the feasiblity of the physical evolution of tensegrity gaits, to produce effective gaits, and to introduce a novel method of reducing the amount of human interaction required for the evolution of physical systems (by having the robot automatically reset itself between evaluations). More elaborate approaches might have distracted from these points. There are certainly more sophisticated algorithms for the Evolution of Physical Systems which we are eager to explore in the near future -especially the (1+1) restart-online adaptation algorithm (Bredeche et al., 2010; Montanier and Bredeche, 2011) .
There are several modifications we could make at the hardware and software level to improve the robustness of the system and reduce the amount of intervention required. At the hardware level,we are exploring more sophisticated tether designs, such as those involving ring couplings. In the longer term, we are interested in transitioning to a completely wireless setup, with rechargeable batteries. On the software front, it would be relatively simple to keep track of the cumulative rotation of the robot over the course of evolution, and automatically "unwind" the tether when the sum crossed a threshold.
Toward Bootstrapping Evolution of Gaits
The most significant innovation to our algorithm lies ahead. We want to improve the hands-off method by more tightly coupling the state machine (used to return the robot to the starting location) with the learning which takes place in the evolutionary search for forward moving gaits. We envision a means by which, as newer faster forward gaits are discovered by the GA they could be used to "upgrade" the go-forward behavior of the state machine. This bootstrapping would in principle lead to increasingly shorter times between evaluations and therefore an overall increase in experimental throughput. We could even integrate aspects of novelty search (Lehman and Stanley, 2008) .
The evolution of physical, rather than simulated systems, poses many intriguing challenges, but offers the promise of finding novel solutions which immediately work in the realworld, thereby avoiding Jakobi's dreaded "reality gap", at the cost of real-world time and human interaction. Any innovation which is able to decrease these costs is therefore a valuable contribution to the field. After all, unlike simulations, one can't speed up the real world by buying a faster computer.
Conclusion
We have described a sequence of approaches to the discovery of novel vibration-based locomotive gaits in a physically embodied tensegrity robot. To the best of our knowledge, this is the first example of the physical evolution of tensegrity robot locomotion. Our discovered gaits operate fully in the dynamic range, and are successful largely because they are able to exploit, rather than suppress the inherent dynamical complexity of tensegrity structures. Broadly, these results lend further credence to the field of morphological computation and the notion that dynamical complexity in both living and engineered systems can sometimes be an advantage -minimizing the overall cost of control by "outsourcing" intelligence directly into the mechanics of a structure.
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